
Drop sizeambiguities in the retrieval of precipitation profiles

fr om dual-fr equencyradar measurements

JonathanP. Meagher1, ZiadS.Haddad1 � 3, StephenL. Durden1, Eric A. Smith2

andEastwoodIm1

Abstract

The Tropical Rainfall MeasuringMission experiencehasconfirmedthat one of the main diffi-

cultiesin retrieving rain profilesfrom single-frequency radarreflectivity measurementsis theun-

known raindropsizedistribution (DSD). A dual-frequency radarsuchastheoneplannedfor the

up-comingGlobal PrecipitationMeasurement(GPM) coresatelliteis expectedto help sort out

at leastpart of this DSD-inducedambiguity. However, the signatureof precipitationat 14 GHz

doesnot differ greatlyfrom its signatureat 35 GHz (theGPM radarfrequencies).In orderto de-

terminethe extent of the vertical variability of the DSD in tropical systemsandto quantify the

effectivenessof a dual-frequency radarin resolvingthis ambiguity, we considerseveraldifferent

modelsof DSDshape,andusethemto estimatetherain-rateandmean-diameterprofilesfrom the

measurementsmadeby JPL’sairbornePR-2radaroverhurricanesGabrielleandHumbertoduring

theCAMEX-4 experimentin September2001. It turnsout that theverticalstructuresof therain

profilesretrieved from thesamemeasurementsunderdifferentDSD assumptionsaresimilar, but

theprofilesthemselvesarequantitatively significantlydifferent.
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I . INTRODUCTION

Therain-profilingalgorithmdevelopmentandvalidationeffort undertakenfor theTropicalRainfall

MeasuringMissionhasconfirmedthatoneof themaindifficultiessurroundingtheretrieval of rain

rateprofilesfrom spaceborneradarreflectivity measurementsis theunknown dropsizedistribution

(DSD). Indeed,if onestartswith the assumptionthat the DSD is alwaysan exponential(or, at

worst,a gamma)distribution, whosedependenceon therain rateis known a priori, onecanthen

derive power-law relationsZ � aRb andk � αRβ which very adequatelyrelatethe14-GHzradar

reflectivity factorZ andthe14-GHzattenuationcoefficientk to therain rateR. It follows (seee.g.

Haddadet al, 1995)that the one-way path-integratedattenuationPIA, integratedover a vertical

raincolumn,mustberelatedto the14-GHzmeasuredreflectivitiesZm in thatcolumnby

PIA � �
1 � 0 � 2log � 10� α β

b � � Zm � a� β 	 b 
 b	 β
(1)

Figure1 is a plot of thePIA valuesobtainedfrom theTRMM radarmeasurementsover theocean

duringseveralorbitsby comparingtherainy surfacereturnwith theaveragesurfacereturnfrom the

nearbyclear-air regions. This “surface-reference”PIA is shown on thehorizontalaxis,while the

verticalaxisrepresentstheright-hand-sideof (1) calculatedwith two differentDSD assumptions

(correspondingto a few differentsetsof constanta, b, α andβ). Theleft panelshows theresultof

usingthea-priori valuesof theparametersa, b, α andβ in theTRMM radaralgorithm(Iguchi et

al, 2000);theright panelshows theresultof usingthoseparametersin themultiple-DSDTRMM

combinedradar/radiometeralgorithm(Haddadetal, 1997a)whichproducethelargestattenuation.

If (1) wereverifiedexactly, onewouldexpectmuchlessscatterthanis evidentin theplots.Indeed,
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Fig. 1. Zm-derivedPIA versussurface-referenceestimatesfromtheTRMMdata: poor correlationat moderateand

low precipitation.
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one-wayattenuationsbelow 1.5dB, theredoesnotseemto beany correlationbetweenthetwo

sidesof (1), thoughthereis a cleartendency for theZ-calculatedvaluesto bemuchsmallerthan

thesurface-referencedones.This apparentfailureof equation(1) is quitepossiblycausedin part

to thechangein thesurfacebackscatteringcross-sectiondueto thevariationof thewind from the

clearair regionsto therainy area.But this effect is not sufficient to explain thelargemismatchat

moderateandlow precipitation.Indeed,this discrepancy constitutescompellingevidencethatthe

DSDparametersvaryverysignificantlyovera raincolumn.

In thecaseof TRMM, thisDSDproblemhasbeendealtwith in two ways.In theradaralgorithm,

(1) is usedto adjustthe ratio αβ � b andthusreducetheambiguity, at leastin thecaseof heavier

precipitation. In the Bayesianframework of the TRMM combinedradar/radiometeralgorithm,

(1) is usedto weight the candidatea-priori DSD’s in favor of the better-matchingones,andthe

observed radiancesarealsousedto furtherconstrainthe multiple possibilitiesfor the DSD. The

dual-frequency radarwhich theGlobalPrecipitationMeasurement(GPM)mission’s coresatellite

will carryshouldprove amuchmoreeffective tool in sortingoutat leastpartof thisDSD-induced

ambiguity. Indeed,with two radarreflectivity profiles,onewould expectto beableto retrieve not

just a singlerain rateprofile, but in additionat leastone“first order” DSD profile, e.g.a profile

of the (mass-weighted)meandropdiameterD � . Unfortunately, this expectationmay turn out to

be difficult to fulfill. That is becausethe reflectivity profilesat the two radarfrequenciesarefar

from independent.After all, lighter rain is madeup mostlyof smalldrops.As figure2 shows, the

backscatteringcross-sectionof small dropsis not significantlydifferentat 14 and35 GHz. One

would thereforenot expectlargedifferencesin theassociatedradarreflectivity factors.While the

differencein theextinction cross-sectionappearsmorereadilyexploitablefor smalldrops,its ac-

tual magnitudeis unfortunatelyso small that the resultingattenuationis not significantfor light

precipitation.At theotherextreme,while theattenuationwill beappreciable(atbothfrequencies)

for heavy rain, it is in factlikely to besoappreciableasto drive theback-scattered35-GHzsignal

itself below thesensitivity thresholdof thatchannel.Thus,thetwo frequenciesarenotverydiffer-

entat low rain rates,andthey will in effect reduceto a singlefrequency at high rain rates,leaving

a somewhat disappointingrangeover which the two frequenciescanbe realisticallyexpectedto

resolve theDSD-inducedambiguityproblem.Thatis why it is at leastasimportantfor GPMasit

wasfor TRMM to developanoptimalapproachto extract from all theGPM coresatellite’s mea-

surementsprofilesof thebestunbiasedestimatesof themeansof therainrateRandmass-weighted

meandiameterD � . Thepurposeof thispaperis to quantifytheeffectof differentplausiblea-priori
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Fig. 2. Actual(Mie) vssmall-size-approximation(Rayleigh)microwavesignaturesof rain drops.

assumptionsaboutthepossibleshapesof theDSDontheretrievedprecipitationprofilesusingdata

from CAMEX-4.

I I . DIFFERENT DSD MODELS

We shall considerfive well-documentedDSD models.No discussionof DSD’s canbecomplete

withoutconsideringMarshallandPalmer’sexponentialform (MarshallandPalmer, 1948)

NMP � D � � N0e� ΛD (2)
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in
�

which, if we assumea nominal terminal fall velocity of 9 � 56� 1 � e� 0 � 53D � m/s for dropsof

diameterD mm,theparametersN0 andΛ mustbeconsistentwith R, i.e.mustsatisfy

R � 0 � 11

�
1

Λ4 � 1� Λ � 0 � 53� 4 
 N0 mm� hr (3)

with N0 in mm� 1 m � 3. Thus,in additionto R, theexponentialNMP hasasinglefreeparameter. As

longasequation(3) is enforced,whetheronechoosesto identify thisparameterasN0 or Λ makes

no differencewhatever, andwe shall chooseΛ, with the additionalconstraintthat the ratio 4� Λ,

which is equalto themass-weightedmeandropdiameter, notexceed3 mm. Thesecond,third and

fourthDSDmodelswhichweconsiderarespecialcasesof thegammaDSD

NΓ � D � � N0Dµe� ΛD � (4)

Thisdistributioneffectively dependsontwo parametersin additionto R. Thereareseveralwaysof

constrainingoneof theseparametersto endup with only two unknownswhich canbesolvedfor

usingthetwo measuredradarreflectivity factors.Onethathasprovedconsistentwith disdrometer

andairborne2D-probe(small-)samplestatisticsconsistsin re-expressingµ andΛ in termsof the

mass-weightedmeandropdiameterD � andthedimensionlessrelativemass-weightedr.m.s.diam-

eterdeviation s� , andenforcingon thepair � D ��� s��� theratherrestrictive joint behavior quantified

by the samplestatisticsobserved during the TOGA-COARE campaign(Lukaset al, 1995)and

duringthe1992-1993Darwin field measurements(Haddadet al, 1997b).Roughly, theserestric-

tions amountto requiringthat D � R� 0 � 155 have a meanof about1.1 (with R in mm/hr andD � in

mm) anda standarddeviation of about0.3, while s� D � � 0 � 165R� 0 � 011, which hasa meanof about

0.4 anda tiny standarddeviation smallerthan0.05, is fixed at 0.4 so that D ��� � D � R� 0 � 155 is the

independentDSDparametersin thiscase.We shallreferto theresulting“restricted”gammaDSD

modelasNΓ0. This is thesecondDSD which we shallconsider. It is theoneusedin theTRMM

combinedradar/radiometeralgorithm.Thethird andfourthDSDmodelsaresimilar restrictionsof

thegammamodel,obtainedfrom (4) by imposinga deterministicrelationbetweenN0 andµ. We

chosetherelation(Ulbrich andAtlas,1998)

N0
� 6734� e1 � 45µ mm� 1 � µm� 3 (5)

for thethird modelNΓ1, andtherelation(Ulbrich, 1983)

N0
� 1500� e0 � 84µ mm� 1 � µm� 3 (6)

for thefourthmodelNΓ2. Finally, we alsoconsidera modelwhichdoesnot dependon any closed

analyticform for the distribution functionN. After all, thereis an enormouswealthof sampled
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DSD’
 

s measuredfrom variousprobes,andthereis no reasonnot to usea largesubgroupof such

samplesasan a-priori databasein lieu of a model. Indeed,for our fifth DSD “model” NC, we

chosethe TOGA-COARE databaseof DSD samplescollectedby the NCAR 2-D PMS probes

mountedon the NCAR Electraaircraft over the warmpool of the westernequatorialPacific be-

tweenNovember1992andFebruary1993– an earlieranalysishadreducedthis datasetusinga

principalcomponentanalysis(MeagherandHaddad,2002),but while this produceda moreeffi-

cientway to codethedata,theresultingsavingsin computerresources(memoryandprocessing)

arenotsignificantfor thecurrentstudyandweusedtheoriginaldatabaseof DSDsamplesitself.

The next stepis to calculatethe Mie extinction andback-scatteringefficienciesasa function of

dropdiameter. Oncethis is done,onecanassociateto eachrain-rate/DSDpair � R� N � in any oneof

ourfivemodelsthecorrespondingradarreflectivity factorsz14 � R� N � andz35 � R� N � (in mm6 m� 3),

andthecorrespondingattenuationcoefficientsk14 � R� N � andk35 � R� N � (in dB/km). Figure3 shows

theresulting“reflectivity manifolds”(to borrow a termdearto thepassive radiometercommunity

– seee.g.SmithandMugnai,1988)for eachof our DSD models. In the caseof NMP, NΓ0, NΓ1

andNΓ2, thesemanifoldswereobtainedby choosinga few representative valuesfor thefreeDSD

parameter(Λ in thecaseof NMP, NΓ1 andNΓ2, D �!� in thecaseof NΓ0), andletting R vary from 0.2

to 200mm/hr. In thecaseof NC, themanifoldis computeddirectly from theDSD samplesin the

database.In all cases,thevalueof thedifferencez14 � R� N �"� z35 � R� N � is plottedversusz14 � R� N � .
Thefirst observationis that,for all fiveDSDmodels,whenthe14-GHzreflectivitiesaresmall,the

rain ratecurvesarealmosthorizontal,confirmingourpreviousobservationthatfor lighterprecipi-

tationthereis nosignificantdifferencebetweenthetwo frequencies.

Therearetwo additionalfactsillustratedby thefigurewhich arecrucial to theretrieval problem.

Thefirst is thatall the “curve crossings”correspondto retrieval ambiguities:they indicatethata

pair of (14-GHz,35-GHz)reflectivity factorscanbe explainedby at leasttwo rain rates(which

candiffer by a factorof two or more– thetwo-dimensionalmanifoldscouldnot bereadilymade

to illustrate this ambiguitiy quantitatively), associatedto differentDSD parametervalues. This

implies that even in the absenceof any observation noise,the dual-frequency retrieval problem

canbe ambiguous,and manifestlymoreso in the caseof NMP than in the othercases,though

all the modelshave non-negligible ambiguitiesat low precipitation.Sincetheseambiguitiesare

intrinsic to thedual-frequency observations,onewouldneedto consideradditionalmeasurements

to resolvethem.Thesecondpointconcernsthe“blank” regionsin theplots.Thesearemostevident

in theleastambiguouscasesNΓ0 andNΓ1, thoughthey arenot entirelyabsentin theothermodels.
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Indeed,
(

currenttechnologycannotguaranteethatthenoisein thereflectivity measurementsis less

thanabout0.3 dB r.m.s.at best. Thus,one’s actualobservationscould quite easily fall outside

theregion coveredby our manifolds,i.e. it is quite likely thatwith any DSD modelonewill face

the situationwhereno rain ratecan“explain” exactly a pair of (noisy) reflectivities. Therefore,

when attemptinga retrieval, one must have a rigorousmechanismto assessthe plausibility of

the variousmodelpairswhich are“close” to the measuredpair. In summary, a dual-frequency

radarcannotentirelyavoid the ambiguitieswith which we have beenall too familiar in the case

of theTRMM radar, andthenoisein themeasurements(alongwith theunavoidableimperfection

of any DSD model)will make it essentialto allow for multiple inexact “matches”.Both of these

concernsmake it highly desirableto usea Bayesianframework to make unbiasedestimatesof the

precipitationunderlyingthemeasurements.

Thereis yet anotherproblemwhich leadsus to considera sixth case.It is broughtaboutby the

needto accountfor the cumulative attenuationat both frequenciesasoneestimatesthe rain rate

sequentiallythroughthe consecutive vertical rangebins in the cloud. It is however easiestto

describethissixthcaseoncetheretrieval approachhasbeenoutlined,in thefollowing section.

I I I . DUAL-FREQUENCY BAYESIAN RETRIEVAL

In orderto keepthe problemsassociatedwith the specificretrieval procedureseparatefrom the

DSD ambiguitiesthemselves,we appliedthe simplestBayesianapproachto the dual-frequency

profiling problem.Let usstartby fixing thenotation.For a givenverticalcolumnof precipitation,

call Z14 � i � (respectively Z35 � i � ) the radarreflectivity factormeasuredfrom the ith vertical range

bin at 14 (resp.35) GHz, with i � 1 for the first bin at the top of the rainy cloudandincreasing

downward. Theequationsthathave to besolved for the rain-rate/DSDpair � R� N � at eachrange

bin i are

Z14 � i � � z14 � R� N �)� 2A14 � i � 1�*� noise14 (7)

Z35 � i � � z35 � R� N �)� 2A35 � i � 1�*� noise35 (8)

whereA14 � i � 1� (resp.A35 � i � 1� is theone-way14 (resp.35)GHzattenuationaccumulatedfrom

the top of the cloud until the ith rangebin, expressedin dB. To solve equations(7)-(8) for the

unknownsR andN, onewould thusneedto tracktheaccumulatedattenuationsA14 andA35. As-

sumingthat thenoiseterms“noise14” and“noise35” are0-meanGaussianwith variancesσ2
14 and

σ2
35, thesimplestBayesianapproachconsistsin two stepsrepeatedrecursively for theconsecutive

rangebins:
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1. startingat the top of the cloud (i � 1), andsettingA14 � 0� � A35 � 0� � 0, considerall realistic

rain ratesR andall DSD’s N allowedby thea-priori model,andcalculatefor eachpair � R� N � its

mean-squareddistancedi from thetwo independentmeasurements:

di � R� N � � �,+
Z14 � i �-� 2A14 � i � 1�/.0� z14 � R� N �

σ14


 2 � �,+
Z35 � i �1� 2A35 � i � 1�/.2� z35 � R� N �

σ35


 2

(9)

Theoptimalunbiasedestimateof therain ratewould thenhave to begivenby

R̂� i � � ∑
N � Rpi � R� N � dR (10)

wherepi is theprobabilityweight pi � R� N � � e� 0 � 5di 3 R�N 4 , normalizedsothat∑ 5 pi
� 1.

2. thecorrespondingaccumulatedattenuationup to andincludingthecurrentrangebin mustthen

beupdated,usingthesimilar formula

Af � i � � Af � i � 1�6� ∑
N � δkf � R� N � pi � R� N � dR (11)

whereδ is thethicknessof therangebin (in km), and f � 14or 35GHz.

This is theBayesianretrieval approachwhichweused.

Beforeillustrating this methodandcomparingits retrievals with thefive a-priori DSD cases,we

shallnow describeasixthcasewhichwehadto considerfor completeness.It comesaboutbecause

equations(7)-(8) are not exactly correct. Indeed,rain is not the only sourceof attenuationof

microwavesin the atmosphere.While absorptionby oxygenandwatervaporis relatively small

and largely predictable,the attenuationdue to cloud liquid water, especiallyat 35 GHz, is not

negligible. Thatis becausethedownward-lookingradarwill measure

Z � i � � �7�
�
� iδ3 i � 14 δ z� r � θ � φ � e�-8 top

r k 3 r 9 � θ � φ 4 dr 9 dr 
 dθdφ (12)

andwhile z in theright-hand-sideis the radarreflectivity factorof the rain, theattenuationcoef-

ficient k is thesumkrain � kcloud of theattenuationsdueto theprecipitationandto thecloud(the

reflectivity of theclouddropletsis negligible becauseit is proportionalto thesixth power of the

dropletdiameter).At 35 GHz, if M is thecloudliquid watercontentin g/m3, kcloud : κM dB/km,

with κ � 0 � 84m3 g� 1 dB km� 1 whenall clouddropletsare10µm in diameter(andκ increasesto-

wardavalueof 1.4whenall dropsapproachdrizzlesize).Thus,while thecloudis notsufficiently

reflective to bedetectable,it will casta “shadow”, andthis shadow maydiffer in “clear air” and
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within the rain. For example,a rathermoderatetwo vertical kilometersof liquid cloudcarrying

0.5 g/m3 of waterwill attenuatethe 35 GHz signalby about1 dB. This presentstwo problems.

First, thesurfacecross-sectionin “clear air” (i.e. wherethereflectivities from theatmospheredo

notexceedtherelatively highradarnoisethreshold),whichis necessaryto theproperestimationof

theintegratedattenuationwithin precipitation,would beunder-estimatedif no accountis takenof

theattenuationdueto any undetectedcloud.Thiswouldresultin anunderestimateof thePIA, and

thatis themainreasonwe chosenot to useany a-priori informationaboutthePIA in our retrieval

approach.Second,within theprecipitation,at eachverticalresolutionbin onemustestimate(and

“remove”) the attenuationin the left-hand-sideof (12), andthis cannotbe donewithout biasing

theestimateif onedoesnotknow how to apportiontheattenuationbetweenprecipitatingandnon-

precipitatingliquid. We decidedto testtheeffect of this “cloud-shadow” problemby considering

asixthcase,wheretheDSDis theTOGA-COARE databaseof NC’sasin thefifth DSDmodel,but

wherewe systematicallyassumetheexistenceof cloudliquid with liquid watercontentM (g/m3)

equalto 20%of the precipitatingliquid waterin the given DSD sampleandwith an attenuation

coefficientof 0.84M dB/km. We shallreferto thisDSDcaseasNCC.

To verify theaccuracy of thisdual-frequency Bayesianapproach,it wastestedonsynthetic“data”

which wasconstructedasfollows. Startingwith the rain-rateprofilesobtainedfrom the single-

frequency TRMM radaralgorithmover hurricaneBonnieon August22,1998,we super-imposed

theDSD modelNΓ0 with variousvaluesof theparameterD ��� , makingsureto vary D �;� in all three

spatialdimensions.We then(re-)synthesized“measured”reflectivity profilesZ14 andZ35 at the

TRMM resolutionbut assumingsensitivity thresholdsof 17 dBZ at 14 GHz and15 dBZ at 35

GHz. We then appliedthe Bayesianapproachdescribedabove to verify that the estimatesdo

matchtheoriginal rain ratesandthesuper-imposedvaluesof D ��� . Theresultsareillustratedin fig-

ure4,whichshowsestimatedversusoriginalrainrates,groupedinto two “seasons”,oneconsisting

of profileswherethevaluesof D �;� in thesuper-imposedDSD werelow (the“low-D season”)and

onewherethevalueof D ��� werelarge(the“high-D season”).For comparison,single-frequency (14

GHz) retrievalsarealsoshown. Thescatterin thedual-frequency Bayesianretrieval did increase

substantiallybelow 1 mm/hr andabove 12 mm/hr, but that wasexpectedsinceat low rain rates

thesecondfrequency simplyaddsno independentinformationandathighrainratesthesignificant

35-Ghzattenuationforcesthe35-GHzechobelow theassumedsensivity threshold.Thusonecan

concludethattheBayesiandual-frequency approachperformsquitesatisfactorily.
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Fig.4. Estimatedversusoriginal rain rates,with small-dropcasesindicatedwith an ? , thelarge-dropcasesindicated

with a @ . Theleft panelshowsthesingle-frequencyretrievals,which mis-interpret thechangingDSD,resultingin

biasedestimates.Theright panelshowsthedual-frequencyBayesianestimates.

IV. THE CAMEX-4 RESULTS

We arenow readyto apply the retrieval procedureoutlinedabove to the datacollectedby JPL’s

airbornePR-2radarover tropicalstormGabrielleandHurricaneHumbertoduringtheCAMEX-4

experiment. Figures5 through8 show the resultsof the retrievals. The top two panelsof fig-

ure5 show theratherlow radarreflectivities measuredat nadirover TropicalStormGabrielleon

September15, 2001. The systemhad just emerged off the Florida coastover the Gulf Stream

(around30A N 79A W), but hadnot re-intensified.The remainingpanelsof figure 5 show the re-

trieved rain ratesandmeandrop diametersfor eachof the DSD modelsNMP, NΓ0, NC andNCC.

Thetop panelsof figure6 show theone-way integratedattenuationscorrespondingto eachof the

modelsconsidered,alongwith thesurface-referencePIA estimatedfrom two models:a singleav-

erageclear-air surface-cross-sectionreferencevalue,anda fitted modelasin Li et al, 2002. The

remainingpanelsof figure6 show the differencebetweenthe measuredradarreflectivity factors

andthosereconstructedfrom theresultsof theBayesianretrieval, in eachof thefour casesconsid-

eredin thisexample.Thetop two panelsof figure7 show theradarreflectivitiesmeasuredatnadir

over HurricaneHumbertoon September24, 2001.Thecyclonewasembeddedin a strongsouth-

westerlyflow, andanticyclonic outflow from theconvective region wasquiteobvious. Thewarm

corein the eye wasweak,about2 to 3 K warmerthanthesurroundingenvironment. Therewas

a largecirrusoutflow extendingseveralhundrednauticalmilesfrom thecenternear37A N 63A W.

Theremainingpanelsin figure7 show theretrievedrainratesandmeandropdiametersfor eachof

theDSD modelsNMP, NΓ0, NΓ1, NΓ2, andNC. Finally, thetop panelsof figure8 show thevarious
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B

’s,andtheremainingpanelsof figure8 show theerrorsin thecaseof NMP, NΓ0 andNC.

Thereflectivitiesmeasuredin Gabriellenever exceededabout40 dBZ, andat no timewasthe35-

GHzechoattenuatedbelow thesensitivity thresholdof theradar. Figure5 shows thattheretrieved

verticalstructureof theprecipitationis quitesimilar in all four casesconsidered.Theexponential

modelMP producesunrealisticallylargerain ratesin the threeconvective regions(nearkm 220,

km 270 andkm 350), andvery large meanhydrometeorsizesabove the freezinglevel. Figure

6 confirmsthat the error in all four modelsis quite low, exceptwithin the melting layer in the

restricted-gammacaseNΓ0, wherethemodelmanifestlycannotexplain themeasuredreflectivities

without errorsof about2 dB. In general,theerrorsarelowestin thecaseof NC andNCC. A quan-

titative comparisonof the estimatesobtainedusing the variousDSD modelsrevealssignificant

differencesbetweenNMP on onehandandthe threeothermodelson theotherhand. Indeed,the

averageverticalrain rateprofile estimatedusingany of theDSDmodelsexcepttheexponentialis

between2 and3 mm/hr(with theexponentialDSD model,theaveragerain rateincreasesrapidly

from about1 mm/hrat4kmto 11mm/hrnearatsurface).Similarly, exceptin theexponentialcase,

the averageverticalmean-drop-sizeprofile increasesfrom the top to a valuenear1.4 mm in the

meltinglayer, thenremainsnear1.2mmfrom 4 km down to thesurface(with theexponentialDSD

model,theaveragemean-drop-sizereaches1.8mmin themeltinglayer, dropsto about0.9mmat

4 km altitude,andremainsfairly constantdown to thesurface).As to thecloud-attenuationeffect,

therain-rateestimatesobtainedusingtherain+cloudmodelNCC areverycloseto thoseof therain-

only modelNC aloft, thoughasthealtitudedecreasestherain ratesestimatedusingtherain+cloud

modelincreasesteadilywith respectto thoseof therain-onlymodel,the increasereachingabout

50%nearthesurface.However, remarkably, themeandropsizeestimatedby therain+cloudand

therain-onlymodelsarealmostidentical.

In thecaseof Humberto,figure7 clearlyseveralcellswith significantconvection,andin fact the

35-GHzechodisappearsat several locationsalongthe track,mostnotablynearkm 110 andbe-

tweenkm 170andkm 210. Theverticalstructureof theretrievedrain ratesandmeandropsizes

from all themodelsexcepttheexponentialarequitesimilar. Thelatterwasmanifestlyill-suited to

explain themeasurementsin this caseandfigure8 confirmsthatits errorsarenot negligible. This

figure alsoshows that the modelsNΓ0, NΓ1 andNΓ2 (aswell asNMP) fail whenever the 35-GHz

is attenuatedinto thenoise,but theraw-samplesmodelNC producesremarkablylow errorseven

whenthe35-GHzchannelis attenuatedinto noise. A quantitative comparisonof thedifferences
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in
�

theestimatesdueto thedifferentDSD modelsconfirmsthat theexponentialmodelis the least

consistentwith the measurements,the databasemodel is the mostconsistent,andthe restricted

gammamodelsfall in between.Specifically, theaverageverticalrainrateprofile in thecaseof NΓ2

andNC increasesfrom about4 mm/hrat4 km to about10.5mm/hrnearthesurface;in thecaseof

NΓ0, it increasesfrom about5 mm/hrat 4 km to a ratherlarge40 mm/hrnearthesurface;andin

thecaseof NMP andNΓ1, it increasesfrom about6 mm/hrat4 km to a ratherunrealistic90mm/hr

nearthesurface. As to theaveragemeandropsize,theestimatesobtainedusingNΓ0 andNC are

very close,remainingnear1.5 mm from 3.5 km down to the surface;the meandrop sizein the

caseof NΓ2 remainsnear1.7 mm from themelting layerdown to thesurface;andthemeandrop

sizein thecaseof NΓ1 is systematicallythelowest,increasingfrom 1.2mmjustbelow themelting

layerto 1.5mmnearthesurface.

Most interesting,all theDSD models(excepttheexponential)producerain-rateandmean-drop-

sizeestimateswhich arevery significantlycorrelated.This is illustratedin figures9 and10. In

the threerestricted-gammamodels,the joint behavior of the mean-drop-sizeandthe rain-rateis

approximatelybimodal,clusteringaroundthe“upper” and“lower” log-linearD � –R relationsgiven

in thefollowing table:

DSDmodel high-D � relation low-D � relation

Γ0 D � � 1 � 42R0 � 15 D � � R0 � 044

Γ1 D � � 1 � 1R0 � 17 D � � 0 � 91R0 � 06

Γ2 D � � 1 � 45R0 � 19 D � � 1 � 31R0 � 066

with R in mm/hrandD � in mm. In thedatabasecase,theestimatesclusteraroundthepiecewise

log-linearrelation

D � � 0 � 95R0 � 2 if R C 7 � 4 (13)� 1 � 22R0 � 075 if R D 7 � 4 (14)

Theparticularlystriking factis thatfor heavier rain (Rgreaterthanabout10mm/hr),theestimates

overwhelminglyclusteraroundthe“low-D � ” correlationcurves,in all four cases.This would im-

ply thatthemeandropsizeathigh rain ratesis smallerthanonewouldanticipatefrom correlation

modelsderivedfrom moremoderateprecipitation.Similarly, for lighterrain,while thereis nopro-

nouncedtrendin the restricted-gammamodels,the estimatesproducedby the COARE-database

DSD modeldo clusterarounda log(D � )–log(R) curve with a steeperslopethantheoneobtained
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at higherrain rates,implying thatthemeandropsizedecreasesmorerapidlywith decreasingrain

ratewhenthelatter falls below about4.5mm/hr. This supportsthelikelihoodthat themeandrop

sizeat lighter precipitationis indeedsmallerthanonemight anticipatefrom a correlationmodel

derivedfrom moreintenseprecipitation.

Themainconclusionof this analysishasto bethatseveralquitedifferentDSD modelsdo indeed

produceplausibledual-frequency precipitationestimates,at leastover tropicalsystemslike those

observedduringCAMEX-4. Thegeneralshapeof theverticalvariationof theretrievedrain rates

andmeandropsizeswill besimilaramongthedifferentmodels,but theprecipitationamountsand

theactualprofilesof meandropdiameterdiffer from modelto model,asdo theresultingcorrela-

tion patternsbetweenrainrateandmeandropdiameter. Themostimportantimplicationis thatthe

decisionaboutwhich dropsizedistributionsshouldbe considereda-priori plausibledoeshave a

determiningeffect on theeventualretrievals. It is thereforevery importantto justify sucha-priori

assumptionswith detailedDSDmeasurementsat radar-sizedresolutions.
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Fig. 5. Tropical StormGabrielle – measured radar reflectivitiesin dB (top panels),and retrievedrain ratesR in

mm/hr(left panels)andmass-weightedmeandropdiameters D E in mm(right panels).
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Fig. 6. Tropical StormGabrielle– Path-IntegratedAttenuationsin dB (at 14 GHz in the top left panel,35 GHz in

thetop right panel)andreflectivityerrors Z - Zreconstructed in dB (at 14GHzin theleft panels,35GHzin theright

panels).
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Fig. 7. HurricaneHumberto– measuredradar reflectivitiesin dB (top panels),andretrievedrain ratesR in mm/hr

(left panels)andmass-weightedmeandropdiameters D E in mm(right panels).
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Fig. 8. HurricaneHumberto– Path-IntegratedAttenuationsin dB(at 14GHzin thetop left panel,35GHzin thetop

right panel)andreflectivityerrorsZ - Zreconstructed in dB(at 14GHzin theleft panels,35GHzin theright panels).
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Fig. 9. CorrelationsbetweenRandD E in thecaseof Gabrielle.
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Fig. 10. CorrelationsbetweenR andD E in thecaseof Humberto.


